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Abstract

Early detection of battery degradation is essential for ensuring the safety and reliability of electric
vehicle (EV) systems under real-world operating variability. This paper proposes a physics-guided
multi-sensor learning framework, termed SensorFusion-Former (SFF), for early warning of short-term
EV battery performance degradation. The proposed approach integrates a physics-based baseline
model for operational normalization, a multi-sensor fusion attention mechanism to model cross-
modality interactions, and a lightweight transformer architecture for efficient temporal representation
learning. Weak supervision is derived from physics-consistent residual analysis with temporal smooth-
ing, enabling scalable training without dense manual annotations. To support reliable deployment,
evidential uncertainty modeling and conformal calibration are incorporated to obtain statistically
controlled decision thresholds. Experiments conducted on a real driving cycle dataset from IEEE Data-
Port demonstrate that SFF consistently outperforms classical machine learning methods, deep neural
networks, and standard transformer models in terms of early-warning lead time, false alarm rate, and
inference efficiency, while maintaining competitive discriminative performance. Cross-scenario evalu-
ations under diverse thermal conditions further confirm the robustness and generalization capability
of the proposed framework.

Keywords: electric vehicle batteries; short-term performance degradation; early warning systems;
physics-guided learning; multi-sensor data fusion; transformer-based time-series modeling; battery
health monitoring; uncertainty-aware prediction

1. Introduction

The global transition toward electric vehicles (EVs) has substantially reshaped the automotive
sector, with lithium-ion batteries serving as the core technology governing driving range, operational
safety, and total cost of ownership [1]. Extensive prior research has investigated long-term battery
degradation phenomena, including capacity fade, impedance growth, and cycle-life prediction [2,3]. In
contrast, the detection of short-term performance degradation during real-world vehicle operation re-
mains comparatively underexplored. Such short-term degradation events, including transient voltage
drops, abrupt increases in effective internal resistance, and temporary power delivery limitations, may
develop within hours or days due to aggressive driving behavior, fast charging, or rapid thermal fluc-
tuations [4]. Although many of these effects are partially reversible, their occurrence can reduce driver
confidence, impair accurate state-of-charge (S0C) estimation, and potentially accelerate irreversible
battery aging if not identified and mitigated in a timely manner.

Early detection of short-term battery degradation poses several fundamental technical challenges.
Modern EV fleets exhibit pronounced heterogeneity in battery chemistries, vehicle platforms, and
operating environments, resulting in highly variable electrical and thermal load profiles. Furthermore,
labeled degradation events are inherently scarce, as many abnormal behaviors do not trigger battery
management system (BMS) diagnostic codes until significant deterioration has already occurred.
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Any on-board detection strategy must therefore operate in real time using only signals routinely
available from the BMS and the controller area network (CAN), including terminal voltage, current,
SoC, battery and ambient temperatures, and auxiliary power consumption. Approaches that rely
on controlled excitation or predefined test sequences are thus impractical for naturalistic driving
conditions. From a safety-critical deployment perspective, accurate detection alone is insufficient;
decision mechanisms must also provide quantifiable and risk-controlled guarantees, particularly with
respect to false-negative outcomes that may allow hazardous conditions to persist undetected.
Existing battery monitoring and anomaly detection methods can be broadly categorized as physics-
based, data-driven, or hybrid approaches. Physics-based techniques, such as equivalent circuit models
(ECMs) and electrochemical impedance spectroscopy (EIS), offer interpretable estimates of internal resis-
tance and diffusion-related parameters [5,6]. However, these methods typically assume idealized current
excitation patterns that rarely occur in real driving, rendering parameter estimation from naturalistic data
sparse, noisy, and highly dependent on operating conditions. Data-driven methods, including support
vector machines, random forests, and recurrent neural networks [7,8], are capable of capturing complex
nonlinear sensor relationships but often lack physical grounding. As a result, they may misinterpret
normal operational variability as degradation and exhibit limited robustness under distribution shifts.
Hybrid approaches [9,10] partially address these limitations, yet many still depend on explicit current step
detection, underutilize multi-sensor information, and do not provide formal guarantees on decision risk.
These limitations motivate the development of a physics-guided, multi-sensor learning framework
that is explicitly designed for real-time deployment under realistic operating conditions. This paper
addresses the problem of early warning for short-term EV battery performance degradation, with an
emphasis on detection timeliness, robustness, and computational efficiency, rather than pointwise
anomaly classification accuracy alone. The main contributions of this work are summarized as follows:

*  Physics-guided early warning framework. We propose a physics-guided multi-sensor learning
framework, termed SensorFusion-Former (SFF), that integrates a physics-based baseline model
with data-driven temporal learning. The physics model normalizes operational variability, al-
lowing the learning architecture to focus on degradation-relevant residual dynamics instead of
nominal operating fluctuations.

*  Multi-sensor fusion with efficient temporal modeling. A multi-sensor fusion attention mech-
anism is introduced to explicitly capture cross-modality interactions among electrical, thermal,
and auxiliary signals. This mechanism is combined with a lightweight transformer architecture
to achieve effective temporal representation learning while maintaining low inference latency
suitable for real-time battery management systems.

*  Weakly supervised learning without dense annotations. A weak supervision strategy based
on physics-consistent residual analysis and temporal smoothing is developed, enabling scal-
able model training without the need for densely labeled degradation events. This approach
substantially reduces annotation cost while preserving early-warning sensitivity.

e Risk-aware decision making via uncertainty calibration. To enhance deployment reliability,
evidential uncertainty modeling and conformal calibration are incorporated into the early warning
head, yielding statistically controlled decision thresholds with bounded false alarm risk under
distributional variability.

¢  Comprehensive evaluation across early-warning dimensions. Extensive experiments conducted
on a real driving cycle dataset from IEEE DataPort demonstrate that the proposed framework
consistently outperforms classical machine learning methods, deep neural networks, and standard
transformer models. The proposed approach achieves superior early-warning lead time and
lower false alarm rates, while maintaining competitive discriminative performance and reduced
inference latency across diverse thermal operating scenarios.

The remainder of this paper is organized as follows. Section 2 reviews prior work on battery health
diagnostics and fault detection, multi-sensor fusion and deep learning architectures, uncertainty-aware
decision-making, and physics-guided machine learning for battery systems. Section 3 presents the
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proposed system model and algorithms, including the multi-sensor problem formulation, the physics-
guided surrogate voltage model, the SensorFusion-Former architecture, probabilistic multi-task prediction
heads, the unified training objective, and the complete training and deployment pipeline, together with
an analysis of computational complexity and real-time feasibility. Section 4 reports the experimental setup
and a comprehensive evaluation of the proposed approach, covering overall comparisons with baseline
models, ablation studies, cross-scenario generalization across diverse thermal domains, and early warning
capability analysis. Finally, Section 5 concludes the paper and outlines directions for future work.

2. Related Work

Accurate detection and early warning of short-term battery performance degradation in electric
vehicles require addressing several interrelated technical challenges, including modeling nonlinear
electro-thermal dynamics, integrating heterogeneous sensor streams, quantifying predictive uncer-
tainty, and maintaining robustness across diverse operating conditions [11]. This section reviews
relevant literature in four closely related areas: battery health diagnostics and fault detection, multi-
sensor fusion and deep learning architectures for time-series analysis, uncertainty quantification and
risk-controlled decision-making, and physics-guided machine learning for battery systems.

2.1. Battery Health Diagnostics and Fault Detection

Battery health monitoring for electric vehicles has traditionally followed model-based, data-driven,
and hybrid paradigms. Model-based approaches, such as ECMs and electrochemical formulations
including the Doyle-Fuller-Newman (DFN) model [12-14], provide interpretable physical parameters
but typically rely on controlled excitation protocols, such as pulse tests or electrochemical impedance
spectroscopy [15,16]. These requirements are difficult to satisfy during naturalistic driving, where current
profiles are highly irregular. As a result, parameter estimates obtained under dynamic conditions tend to
be sparse, noisy, and sensitive to operating points, limiting their suitability for real-time deployment.

Data-driven methods infer degradation patterns directly from operational data. Early studies
employed classical machine learning techniques, including support vector machines and random
forests [17,18], while more recent work has adopted deep learning architectures such as convolutional
neural networks (CNNs), recurrent neural networks (RNNs), and long short-term memory (LSTM)
models [19-21]. These approaches have improved temporal modeling capability and enabled large-
scale anomaly detection [22,23]. However, most existing studies focus on long-term health indicators,
including state-of-health (SOH) and remaining useful life (RUL) [24,25], rather than short-term tran-
sient anomalies that occur over minutes or hours. Such short-term events, including abrupt resistance
increases or localized thermal excursions, require operation-normalized and high-resolution indicators.
In addition, labeled fault data remain limited because early-stage anomalies often do not trigger
diagnostic codes within battery management systems [26,27].

2.2. Multi-Sensor Fusion and Deep Learning Architectures

Modern battery management systems continuously collect electrical, thermal, and operational
signals. Despite this availability, many diagnostic models process individual sensor channels inde-
pendently or rely on simple feature concatenation. Recent studies have demonstrated that explicit
multi-sensor fusion can substantially improve diagnostic performance. For example, Liu et al. [28]
showed that integrating multi-modal field data from large EV fleets significantly enhances SOH
estimation accuracy, emphasizing the importance of modeling electro-thermal interactions.

Advances in sequence modeling have led to increasing adoption of transformer architectures for
battery analytics due to their ability to capture long-range temporal dependencies [29]. Transformer-
based models have demonstrated improved SOH prediction performance compared with recurrent
architectures [30], and hybrid designs, such as transformer-LSTM models, have been explored for
fast-charging scenarios [31]. Nevertheless, most existing transformer-based approaches focus on
encoder-only designs, lack physics-guided conditioning, and rarely perform structured multi-sensor
tokenization. Hybrid CNN-transformer models [32,33] combine local transient feature extraction with
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global temporal modeling, but typically fuse modalities only after independent feature processing
rather than through explicit cross-sensor attention mechanisms.

2.3. Uncertainty Quantification and Risk-Controlled Decision-Making

A major limitation of existing battery diagnostic models lies in the absence of principled uncertainty
quantification suitable for safety-critical applications. Most deep learning methods produce deterministic
point estimates without conveying predictive confidence [34]. Bayesian approaches, including Monte
Carlo dropout and variational inference [35,36], can provide uncertainty estimates but incur substantial
computational overhead and require careful prior specification. Gaussian process regression offers
probabilistic predictions [37,38], yet its scalability remains limited for large-scale battery datasets.

Conformal prediction [39] has emerged as a distribution-free alternative that provides finite-sample
coverage guarantees. Recent applications to SOH and RUL forecasting [40] have demonstrated its effec-
tiveness in generating calibrated prediction intervals across different models. However, existing studies
primarily address long-term regression tasks and do not consider short-term anomaly detection or risk-
controlled classification, where false-negative rates must be explicitly bounded in deployment settings.

Weighted conformal calibration [41,42] further addresses distribution shift by assigning impor-
tance weights to calibration samples based on domain similarity, which is particularly relevant for EV
fleets operating under seasonal and usage variability. To the best of our knowledge, no prior work has
integrated weighted conformal calibration with deep sequence models for battery anomaly detection
or provided unified, risk-controlled decision thresholds for both regression and classification tasks.

2.4. Physics-Guided Machine Learning for Battery Systems

To mitigate the limited interpretability and domain robustness of purely data-driven models,
recent research has explored physics-guided and hybrid machine learning approaches. Many studies
incorporate parameters derived from equivalent circuit models, such as ohmic and polarization
resistance, as auxiliary inputs or learning targets [43,44]. These methods, however, often depend on
explicit current-step detection, which becomes unreliable under highly dynamic driving conditions.

Scientific machine learning approaches, including physics-informed neural networks (PINNs) [45,46],
embed governing electrochemical equations into neural network training to improve extrapolation to
unseen operating regimes. For example, Murgai ef al. [47] demonstrated enhanced degradation modeling
using universal differential equations. While effective, such methods typically require detailed knowledge
of system equations and incur nontrivial computational cost.

A complementary physics-guided strategy, adopted in this work, employs a grey-box voltage
baseline that predicts expected terminal voltage from state-of-charge, temperature, and current using
constrained shape-prior models. The normalized residual between measured and baseline voltage
provides a continuous and operation-invariant indicator of short-term degradation without requiring
explicit step detection. Although related concepts have been explored for open-circuit-voltage-based
state-of-charge correction [48], they have not been systematically extended to short-term degradation
detection within multi-sensor deep learning frameworks.

Despite substantial progress in battery diagnostics and time-series learning, several critical gaps
remain. Most existing methods emphasize long-term metrics such as SOH and RUL rather than
short-term transient anomalies. Multi-sensor fusion is often implemented through simple feature
concatenation without explicit cross-channel attention. Transformer architectures have seen limited
development for physics-guided battery monitoring and rarely support causal, streaming-friendly
inference. Uncertainty quantification remains either ad hoc or computationally demanding, and risk-
controlled conformal calibration has not been explored for battery anomaly detection. Physics-guided
approaches typically rely on sparse step-based parameter estimation or assume full knowledge of
governing electrochemical equations.

This work addresses these gaps by introducing a physics-guided continuous degradation sur-
rogate that eliminates the need for step detection, a multi-sensor fusion transformer architecture
(SensorFusion-Former) with explicit cross-sensor attention and causal temporal modeling using effi-
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cient FAVOR+ kernels, probabilistic multi-task heads for degradation severity estimation and evidential
classification, and weighted conformal calibration for deriving risk-controlled decision thresholds.
Together, these contributions enable early detection of short-term battery degradation with princi-
pled uncertainty quantification, real-time feasibility, and robustness to distribution shifts, which are
essential for safe and scalable deployment in electric vehicle fleets.

3. System Model and Algorithms

This section presents the proposed system for early detection of short-term performance degra-
dation in EV lithium-ion batteries. The system operates on routinely logged vehicle telemetry and
consists of three key components: construction of physics-guided surrogate targets, derivation of weak
degradation labels, and training of a multi-sensor deep learning model that produces calibrated and
risk-controlled early warning alerts.

Figure 1 illustrates an overview of the proposed system architecture. The framework comprises
four main stages. First, multi-sensor data ingestion is performed together with a physics-guided baseline
model to normalize operating conditions (left). Second, the SensorFusion-Former model processes the
normalized inputs through seven internal layers, including cross-sensor attention, physics-conditioned
biasing, and causal temporal attention based on FAVOR+ kernels (center). The core methodological
innovations are highlighted using orange blocks and marked with the symbol %. Third, multi-task
probabilistic prediction heads generate outputs for degradation regression, event classification, early
warning, and physics-consistency forecasting (right). Finally, offline training and conformal calibration
pipelines are employed to enable domain adaptation and risk-controlled deployment (bottom).

(7) Tempo-
ral Pooling
h, = Pool(z{")

(4-6) Causal
Temporal Attention
0}

CausalTF ) (Z{" V),
e=1,..,L

Complexity:

SensorFusion-Former

(2) Physics-
Conditioned
Biasing
50 =0 4

D(ea, V7, v

ON-VEHICLE STREAMING INFERENCE (Causal & Real-Time)

(1) Cross-Sensor
Attention

Conformal

Softplus(MLP.(h¢)) + thresholds s, 7y

= s Warning

Data Lake
Fleet logs
Coverage maps

FLEET ANALYTICS (Offline Training & Calibration)

Offline Training
L= NL;

Domain
Alignment.
Seasonal/platform

Conformal
Calibration
Weighted
quantiles on C

blocks = Online processing modules (Physics Baseline, SensorFusion-
d

storage / fleet analytics modules (Data Lake, Domain Alignment) !
e (Conformal Decision) ]
er

ion hy
ed gray as

rrows = Logging, deploy- |

Figure 1. Overview of the proposed system architecture for early detection of battery degradation. The frame-
work consists of four main stages: multi-sensor data ingestion with a physics-guided baseline for operation
normalization (left), the SensorFusion-Former model with seven internal layers (center), multi-task probabilistic
prediction heads (right), and offline training with conformal calibration for risk-controlled deployment (bottom).
Orange-highlighted blocks indicate the core methodological components. Stars (%) denote key contributions,
including cross-sensor attention, physics-conditioned biasing, and FAVOR+ causal temporal attention.
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The proposed methodology is built upon three core design components. First, the cross-sensor
attention module (Layer 1) captures instantaneous inter-domain dependencies among electrical,
thermal, and auxiliary sensor groups. Second, physics-conditioned biasing (Layer 2) injects grey-box
model outputs, including the voltage residual ¢;, the reference voltage V/*f, and the ohmic resistance
estimate rghm, into the latent representations without introducing future information leakage. Third,
causal temporal attention based on FAVOR+ kernels (Layers 4-6) achieves a computational complexity
of O(Wd,r), enabling real-time inference in embedded battery management systems while preserving
expressive attention modeling. Table 1 summarizes the key symbols used in the problem formulation,

physics-based modeling, and architectural design.

Table 1. Key Symbols and Definitions Used in the System Model.

Symbol Description

X¢ Multi-sensor input vector at time ¢ (electrical, thermal, auxiliary)
Vi, It, SoC; Battery terminal voltage, current, and state-of-charge
7 Physics-guided reference voltage under healthy operation
£ Operation-normalized voltage residual indicating unexplained deviation
Dy Windowed degradation severity index derived from &;
o Binary event label indicating detected degradation
CEEW’H) Early-warning label for events occurring within horizon H
hy Latent representation produced by the SensorFusion-Former
¢ Parameters of the physics-guided baseline voltage model
ds, Tp Conformal quantile and probability threshold for risk-controlled decisions

3.1. Multi-Sensor Problem Formulation

At each discrete time index t € N with sampling interval At > 0, the battery management system
observes a multi-sensor feature vector
X?Iec
x; = [xtherm| e RF, (1)
x?ux
where x¢1¢ € Rfelec denotes electrical signals, xtherm € Rfterm denotes thermal signals, and x3U% € RFaux
denotes auxiliary operational signals, with F = Fujec + Fiherm + Faux-

Specifically, the electrical channel vector is defined as x‘flec = [W, I}, SoCy, Pttr] T including terminal
voltage V;, current [;, state-of-charge SoC;, and traction power Pttr. The thermal channel vector
x}herm = [Tt Tamb - mcool’t]T captures battery temperature Ty, ;, ambient temperature T, ;, and
coolant mass flow rate 7,01 ;. The auxiliary channel vector x"* = [PtHVAC, Ptheat, vy, a¢] " includes
power consumption of the heating, ventilation, and air conditioning system PHVAC, heating power
Ptheat, vehicle speed v, and longitudinal acceleration a;.

Each sensor group provides complementary information about battery operation. The electrical
signals reflect the instantaneous electrochemical response of the battery, the thermal signals capture
temperature-dependent reaction kinetics and aging mechanisms, and the auxiliary signals describe
external load conditions and vehicle usage patterns that indirectly influence battery stress. This
structured multi-sensor representation enables the model to differentiate between benign operational
effects, such as transient voltage drops during aggressive acceleration, and potential degradation
signatures, such as sustained increases in internal resistance under moderate load conditions.

Direct interpretation of raw sensor measurements is challenging due to their strong dependence
on operating context, including state-of-charge, temperature, and instantaneous power demand. For
example, a voltage drop of several volts may be expected at high discharge rates and low ambient
temperatures, yet indicate abnormal behavior under moderate load at nominal conditions. To decouple
operation-induced variability from degradation-related effects, a physics-guided baseline model is
introduced in the following subsection.

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.
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3.2. Physics-Guided Surrogate Voltage Model

Direct interpretation of raw voltage deviations is difficult because observed variations may
be caused by benign operating factors, including load transients, temperature changes, and SoC
dependence, rather than true degradation. To separate operating effects from degradation-related
behavior, we introduce a grey-box, physics-guided surrogate voltage model that approximates the
expected pack voltage under nominally healthy conditions. The resulting reference voltage serves as a
baseline for constructing operation-normalized deviation signals.

3.2.1. Three-Component Voltage Decomposition

We express the reference pack voltage as the sum of three physically interpretable components:
5 d
Vit = £V (SoCy, T ) — rg™ (S0Ct, Top) - It — 8™ (wy), )

where f¢ocv : [0,100] x R — R denotes the monotone non-decreasing open-circuit-voltage (OCV)
surface that characterizes the equilibrium potential and satisfies d f(l?CV /950C > 0. The term rghm :
[0,100] x R — R4 is a non-negative ohmic resistance map governing the instantaneous current-
induced voltage drop. The dynamic component giy“ : REF1)*2 5 R is modeled as a stable and
causal filtering operator that captures time-dependent polarization and diffusion effects driven by the
recent excitation history u; = [I;_¢, Ty i—k] -

The parameter set ¢ collects the learnable coefficients of the three components. We estimate ¢
from nominally healthy operation segments Hsain by solving

¢* = argmin Z Criuper (Vi — Vtref) + AshapeRshape (¢), ®3)
t€Htrain

where (pyper (+) is the Huber loss and Rhape (¢) imposes soft shape constraints to preserve monotonic-
ity of fq?CV and non-negativity of rf];hm. The regularization weight Agyape > 0 balances data fit and
physical plausibility.

Figure 2 illustrates the decomposition on a representative driving segment. The OCV surface
f 4,OCV captures equilibrium voltage variation with SoC and temperature, the ohmic term rghm I explains

instantaneous losses that scale with current, and the dynamic term ggyn(ut) accounts for polarization
and diffusion effects driven by recent current and temperature history.

As shown in Figure 2(a), the reference voltage V' closely tracks the measured voltage V; over
diverse operating regimes during healthy operation, including high discharge at low temperature,
moderate load at nominal temperature, and regenerative braking. Fitting the surrogate using (3)
produces a reference trajectory that accounts for expected variations induced by SoC evolution,
thermal conditions, and load changes, so that residual deviations become more indicative of abnormal
behavior.

During the degradation episode, a persistent discrepancy emerges between V; and V/¢f that
cannot be explained by the calibrated healthy baseline. Such unexplained deviations may reflect
increased effective internal resistance or abnormal polarization dynamics and therefore motivate an
operation-normalized residual, since the magnitude of |V; — V[®f| is strongly dependent on current
level.
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Figure 2. Physics-guided voltage decomposition for operation-robust degradation detection. (a) Measured pack
voltage V; and physics-guided reference erf across varying operating conditions. The shaded interval indicates a
degradation episode with a sustained deviation from the healthy reference trajectory. (b) Operation-normalized
residual &; remains small under benign operating variations and exceeds the threshold 7p when degradation-
related deviations occur. The early-warning interval precedes event onset by H samples.

3.2.2. Operation-Normalized Residual and Severity Index

To quantify deviations in a manner robust to operating variability, we define the operation-
normalized residual

|Vt — Vtref|
&t =

= , €y >0, 4
ey + [rg"™(SoCy, Tyyy) - It ’ @

where ey prevents numerical instability under near-zero current conditions. The normalization scales
the absolute deviation by the predicted ohmic drop, so ¢; reflects relative unexplained losses rather
than raw voltage magnitude.

Figure 2(b) validates this design. Despite large voltage excursions caused by acceleration, coast-
ing, and regenerative braking, the residual ¢; remains consistently small during healthy operation,
indicating effective suppression of operation-induced confounders. In contrast, during the degrada-
tion episode, ¢; increases markedly and exceeds the threshold tp, enabling clear separation between
degradation-related behavior and benign operating variability. The highlighted region where &; > tp
is later converted into frame-level labels via the temporal smoothing procedure in the next subsection.

The early-warning interval in Figure 2(b) illustrates the intended predictive setting. Specifically,
for a horizon of H samples, the model is trained to predict both reactive event labels ¢; and early-
warning labels CEEW’H) (defined in Section 3.2.3), enabling alerting prior to the onset of a confirmed
event.

Single-sample residuals ¢; may be noisy and influenced by short-lived transients. We therefore
define a windowed severity index D; over a horizon of length Wp:

Wp—1
_ Zk:Do wihs(esx)

D;
Wp—1
Zk:D() Wtk

, (5)

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.
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where i5(-) denotes the Huber function

€/2, le] <6,
hs(e) = (6)
5(le| —8/2), otherwise,

with § > 0. The weights w; € [Wmin, Wmax| emphasize operating points that are informative for
degradation assessment. In practice, wy is derived from a kernel density estimate in the (SoC, Ty,, |I|)
space: operating regimes that occur frequently under healthy conditions are down-weighted, whereas
rarer but diagnostically informative regimes receive higher weight.

The resulting D; € R>( summarizes recent operation-normalized deviations in a manner that
is robust to outliers while remaining sensitive to sustained abnormal behavior. This scalar sequence
serves as the primary signal for automatic event label generation.

3.2.3. Event Labeling with Hysteresis and Early Warning

Since ground-truth labels for short-term degradation events are rarely available, we construct
weak labels from the severity index D;. A degradation threshold 1p is calibrated on healthy data as

D = th({Dt e Htrain})/ )

where Q,(+) denotes the empirical a-quantile with « € [0.85,0.95], ensuring that only a small fraction
of healthy samples exceed p.
Raw frame-level flags are defined as

Ct = H(Dt > 1T AN\ |It| > Imin)/ (8)

where Innin, > 0 filters out low-current intervals that are typically less informative.

To reduce spurious detections induced by sensor noise and transient fluctuations, we apply three
post-processing operations. First, a hysteresis rule enforces temporal consistency by confirming an
event only after at least x consecutive samples satisfy ¢; = 1. Second, candidate segments shorter
than iy samples are removed. Third, neighboring segments separated by gaps no larger than gmax
samples are merged, preventing a single anomaly from being fragmented into multiple detections.

These steps address complementary failure modes of threshold-based detection. Hysteresis
suppresses isolated spikes, the minimum-duration constraint removes short-lived artifacts, and gap
merging consolidates fragmented segments caused by varying current magnitude. Together, the proce-
dure balances sensitivity and false-alarm robustness and yields event intervals that better correspond
to physically meaningful degradation episodes.

Figure 3 shows how raw threshold crossings are refined into coherent event intervals and corre-
sponding early-warning windows. After post-processing, we obtain a set of | disjoint event intervals
{18, ¢]] }]]-:1, where §; and é; denote the start and end indices of the jth event. The binary event label is

defined as
J
c=1|te U[§],é]] , )
j=1
and the H-step early-warning label is defined as
V) — 13 e {1, Ty 5 —H<t<§). (10)

The early-warning label marks samples within H steps prior to event onset, enabling the model to
learn predictive precursors rather than only reactive detection.
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Figure 3. Temporal smoothing pipeline for weak event label generation from physics-guided degradation signals.
(a) Severity index Dy computed from operation-normalized residuals with three peaks above the threshold 1p.
(b) Raw flags ¢ = I(Dy > 1p A |It| > Imin) include isolated spikes, fragmented segments, and a short-lived
transient. (c) Hysteresis filtering with x = 3 suppresses isolated spikes while preserving sustained excursions. (d)
Minimum-duration filtering with mpy;, = 20 removes short segments that do not reflect sustained degradation.
(e) Gap merging with gmax = 10 consolidates segments separated by short gaps. (f) Final event label c¢; and the

(EW,H)

early-warning window c; that precedes event onset by H = 15 samples.

s). Distributed under a Creative Commons CC BY license.



https://doi.org/10.20944/preprints202602.1461.v1
http://creativecommons.org/licenses/by/4.0/

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 25 February 2026 d0i:10.20944/preprints202602.1461.v1

11 of 32

3.3. SensorFusion-Former Architecture
3.3.1. Sensor-Group Tokenization

For each sensor group ¢ € G = {elec, therm, aux} and time index ¢, we map group-specific inputs
to a shared latent space via

hi") = MLPg(LN(x®))) +8), (%Y € R, 1

where LN(-) denotes layer normalization, MLP, is a group-specific feedforward network, and el®) ¢
R% is a learnable group embedding. This design preserves modality-specific characteristics while
enabling subsequent cross-group interaction modeling in a common representation space.

3.3.2. Cross-Sensor Attention

To capture instantaneous dependencies among sensor groups, we concatenate the group embed-
dings and apply multi-head self-attention (MHSA):

H§0) _ [hgo,elec);hgo,therm);ht(o,aux)] c R\g\xdh, (12)
8% = MmsaH),, vgeg, (13)
2% = MLP(Concatg [ﬁgg)D € R, (14)

Here, MSA(-) denotes a multi-head self-attention operator applied over the |G| group tokens at the
(0)

same time step. The fused token z,’ summarizes cross-sensor interactions and serves as the input to
subsequent temporal modeling.

3.3.3. Physics-Conditioned Feature Injection

To incorporate physics-guided information without violating causality, we inject grey-box outputs
through a learned conditioning function:

2" = 2% (e, U7, 1™ (S0C1, T ) ), 15

where T' : R® — R% is a lightweight multilayer perceptron (MLP). The conditioning variables are
computed from current and past observations only; therefore, the injection does not introduce future
information leakage.

3.3.4. Causal Temporal Modeling with FAVOR+

To model temporal dependencies over a causal window of length W, we construct a context

matrix

20 = 2% ... 2% e RW (16)

The sequence is processed by L causal transformer blocks:
2" = CausalTFO(z{" V), ¢=1,...,L, (17)

where each block implements causal attention to prevent access to future tokens.

Standard self-attention requires computing all pairwise similarities within a length-W window,
which incurs O(W?2d},) time complexity and O(W?) memory. Such quadratic scaling can become a
deployment bottleneck when streaming inference is required on resource-constrained battery manage-
ment systems.

To improve efficiency, we adopt FAVOR+ (Fast Attention Via positive Orthogonal Random
features) attention [49], which approximates softmax attention using random feature maps. This yields
linear complexity O(Wd,r) with memory O(Wr), where r denotes the number of random features.
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Table 2 summarizes the computational and memory complexity of FAVOR+ relative to representative
efficient attention variants.

Table 2. Computational Complexity of Representative Temporal Attention Mechanisms.

Attention Type Time Complexity Memory
Vanilla Self-Attention O(W2dy,) O(W?)
Reformer [50] O(WlogW -dy) O(WlogW)
Linformer [51] O(Wdyk) O(Wk)
Linear Transformer [52] O(Wd?) O(Wdp,)
FAVOR+ (ours) [49] O(Wdy,r) O(Wr)

W: window length; dj,: hidden dimension; r: FAVOR+ rank; k: projection dimension.
Example setting (W = 128, d;, = 128, r = 32): FAVOR+ reduces attention cost from quadratic to linear in W.

Finally, we aggregate the temporal context into a single latent representation:
h; = Pool (Z{") € R, (18)

where Pool(-) can be implemented using the last token, global average pooling, or attention-weighted
pooling. In our implementation, we use the last token to preserve causality and to emphasize the most
recent context.

3.4. Probabilistic Multi-Task Prediction Heads

The proposed architecture employs probabilistic multi-task prediction heads to jointly estimate
degradation severity, event occurrence, and early-warning likelihood, while explicitly modeling
prediction uncertainty. This design enables risk-aware decision-making and supports subsequent
conformal calibration.

3.4.1. Heteroscedastic Regression for Severity

To model both the expected value and uncertainty of degradation severity, we adopt a het-
eroscedastic regression formulation. Specifically, the predictive mean and variance are given by

tt,log o7 = MLP, (hy), (19)

where y; denotes the predicted mean severity and ¢7 represents the input-dependent predictive
variance.
The regression loss is defined as the negative log-likelihood of a Gaussian distribution:

(Dt — t)*

1 N
Ereg = N let Tt +10g0tz ’ (20)
=

where Dy is the degradation severity index defined in Section 3.2, and w; € [Wmin, Wmax] are sample-
specific weights that reflect the operating-point density introduced in Section 3.2. This formulation
penalizes both large prediction errors and overconfident uncertainty estimates.

3.4.2. Evidential Classification

For binary event detection, we employ an evidential classification framework based on the Beta-
Bernoulli model, which provides a principled representation of epistemic uncertainty. The parameters
of the Beta distribution are predicted as

at, Bt = Softplus MLP, (h;)) + 1, (21)
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ensuring & > 1 and B; > 1 for numerical stability. The resulting predictive event probability is given

by
Kt
=E|pt| = , 22
pr=Elp] =~ 5 (22)
and the associated predictive variance is
«t Bt
Vipt| = , 23
[p] (ar 4 Be)? (s + B + 1) (23)
which serves as a measure of epistemic uncertainty.
The evidential classification loss combines data fidelity and uncertainty regularization:
1 N
Las = 5 Y wi[CE(ct, E[pt]) + Aev V(ps]], (24)
t=1

where CE(-,-) denotes the binary cross-entropy loss, ¢; is the event label defined in Section 3.2.3,
and Aey > 0 controls the strength of uncertainty regularization. This objective encourages accurate
predictions while discouraging unwarranted overconfidence.

An analogous evidential formulation is applied to early-warning prediction. Specifically, a
separate classification head with parameters (aFW, BEW) is trained using the corresponding early-
warning labels cgEW’H), yielding an early-warning probability pEEW’H) and loss LEW defined in the

same manner.

3.5. Risk-Controlled Decision Making via Weighted Conformal Prediction

To provide finite-sample performance guarantees under distributional variability, we adopt a
weighted conformal calibration strategy on a held-out calibration set C. The use of sample-dependent
weights allows the calibration procedure to account for nonuniform operating conditions commonly
observed in real-world electric vehicle data.

3.5.1. Regression Calibration

For degradation severity prediction, we compute a weighted conformal quantile based on nor-
malized regression residuals:

4s = Qi"_s({mt;ytl te C},{wt}>, (25)

where QY ;(-) denotes the (1 — J) weighted quantile operator and w; are sample-specific weights
proportional to the local data density in the operating-condition space. This calibration ensures that
the normalized residual exceeds §; with probability at most 6 on unseen data drawn from a similar
distribution.

During deployment, a severity exceedance is declared whenever

|Dy — me| _
o > qs, (26)

thereby yielding a risk-controlled decision rule with a finite-sample guarantee.

3.5.2. Classification Calibration

For event detection, we determine a probability threshold T, that explicitly controls the false-
negative rate at level 4. The threshold is selected on the calibration set as

Tp:min{TG[O,l]:|é|21[(ﬁt<”r/\ct:1)§5}, (27)
teC
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where p; denotes the calibrated predictive probability. This procedure yields a data-driven decision
threshold that bounds the empirical false-negative rate on the calibration set and supports risk-aware
deployment.

3.6. Unified Training Objective

The complete training objective integrates all learning components into a single loss function:
L= Ar»creg + Ac»ccls + Aewﬁg‘év + )‘phys'cphys + Aconﬁcon/ (28)

where A;, A, Aew, Aphys and Acon are nonnegative weighting coefficients that balance the contributions
of each loss term.
The physics-consistency loss

1Y N
‘Cphys = N ; EHuber(VtJrl - Vt+1) (29)

encourages consistency between the learned representations and the underlying voltage dynamics by
penalizing discrepancies in next-step voltage prediction.
In addition, a contrastive learning component

1 N exp({(qt, k) /T¢)
'CCOH = -7 1 30
N t; Og<2jes exp({qt, k;)/Tc) (30)

implements an InfoNCE objective over temporally adjacent windows, where q; and k;” denote
representations of positive temporal pairs, B is the batch set of candidate keys, and T, > 0 is the
contrastive temperature. This term promotes temporal consistency and improves representation
quality for downstream prediction tasks.

Model optimization is performed using the AdamW optimizer with gradient clipping (norm
bounded by 1.0), cosine learning-rate decay, and mixed-precision training to improve numerical
stability and computational efficiency.

3.7. Training and Deployment Algorithm

Algorithm 1 integrates all components of the proposed framework into a unified training and
deployment workflow. The procedure starts by estimating the parameters of the physics-based baseline
model, denoted by ¢*, using nominally healthy data Hyain according to Eq. (3). Based on the trained
baseline, operation-normalized residuals &; and degradation severity indices D; are computed for the
full dataset. A degradation threshold 1p is then calibrated, and the corresponding temporal event
labels {ct, CEEW’H)} are generated using the temporal smoothing strategy described in Section 3.2.3.

The SensorFusion-Former model is subsequently trained under the unified multi-task objective in
Eq. (28). Optimization is performed using the AdamW optimizer with gradient clipping and early
stopping to promote stable convergence. After model training, weighted conformal calibration is
conducted on the held-out calibration set C to estimate the conformal quantile §; and the probability
thresholds {7, T;,EW}. These calibrated quantities are used during deployment to enable risk-controlled
decision making for both severity assessment and event detection.

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.


https://doi.org/10.20944/preprints202602.1461.v1
http://creativecommons.org/licenses/by/4.0/

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 25 February 2026 d0i:10.20944/preprints202602.1461.v1

15 of 32

Algorithm 1 SensorFusion-Former Training and Calibration

Require: Raw telemetry Dray, healthy subset annotation Hrain, validation set V, hyperparameters
A= {/\r/ )\c/ /\ew/ )\phyS/ )\con/ 5}

Ensure: Trained SFF model 6*, calibrated thresholds {45, Tp, TEW}
1: // Phase 1: Physics Baseline Training

: Initialize ¢ < ¢init (e.g., pretrained OCV curves)

: fort € Hirain do

Compute V7*f via (2)

: end for

: ¢* < argminy (3) via L-BFGS-B

: // Phase 2: Weak Label Generation

fort € Dyyy do
Compute ¢; via (4) using ¢*
Compute D; via (5)

: end for

: Set p <= Qoo({Dt : t € Hirain})

: Generate {c;, CEEW’H)} via (9)-(10)

: // Phase 3: SFF Model Training

. Initialize 0 < 6j,;; (Xavier/He initialization)

: for epoch e =1 to Emax do

O 0N U A WN

== =
N = O

== s e
N U1 = W

17 Shuffle Dyin and partition into mini-batches

18:  for mini-batch B do

19: fort € Bdo

20: Construct Zgo) via (15)

21: h; < Forward pass through SFF ((18))

22: Compute {¢, 0't2, at, Bt, ocFW, ,BFW}

23: end for

24: Evaluate £(6; B) via (28)

25: 6 < 6 — - AdamW (VL) with gradient clipping
26:  end for

27 if Ly, on V does not improve for P epochs then
28: break (early stopping)

29:  end if

30: end for

31: // Phase 4: Conformal Calibration

32: Partition V into C (calibration) and 7 (test)

33: Compute §; via (25) on C

34: Compute 13, TEW via (27) on C

35: return 6%, {4, 7, 7, }

3.8. Computational Complexity and Real-Time Feasibility

We analyze the computational requirements of the proposed SensorFusion-Former architecture to
assess its suitability for real-time deployment in embedded BMS with limited computational resources.

Theorem 1 (Per-Step Inference Complexity). Consider a causal context window of length W, hidden
dimension dy, L transformer layers, H attention heads, and FAVOR+ rank r. The per-step forward-pass
computational complexity of the proposed model is given by

o(|g|dﬁ + WdyrLH + WdﬁL), 31)

where the three terms correspond to sensor-group tokenization and fusion, linearized causal attention, and
position-wise feedforward networks, respectively.

Proof. The overall complexity is derived by analyzing each component of the forward pass. First,
cross-sensor attention operates over |G| = 3 sensor groups. Computing group-wise projections and
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attention incurs O(|G|?d;) operations, which simplifies to O(d},) and is negligible compared with
temporal modeling costs. Second, each FAVOR+ causal attention layer processes a sequence of length
W with hidden dimension d, using r random features per attention head, resulting in O(Wd,,vH)
operations per layer. Third, the position-wise feedforward networks require O(Wd%) operations per
layer. Summing these terms over L layers yields the stated complexity. Since r < W by design, the
overall complexity scales linearly with the window length W. [

For comparison, a standard transformer with vanilla self-attention incurs a per-step complexity of
O(W?2d),HL), which is dominated by the quadratic dependence on the sequence length. Under typical
deployment settings (e.g.,, W = 128, d;, = 128, r = 32, H = 4, and L = 4), the FAVOR+ attention
mechanism reduces the attention-related computation by more than an order of magnitude relative to
vanilla attention, while preserving the expressive power of softmax-based attention.

The resulting linear scaling with respect to W enables real-time inference at a sampling interval of
At = 100ms on embedded platforms commonly used in automotive battery management systems.
This computational efficiency leaves sufficient headroom for concurrent BMS tasks, including state
estimation, thermal control, and safety monitoring, thereby supporting practical on-board deployment.

3.9. Complete Methodology Pipeline

Figure 4 provides an integrated overview of the proposed methodology by connecting all com-
ponents introduced in this section into a unified processing pipeline. The workflow begins with the
estimation of the physics-guided baseline model parameters ¢* using nominally healthy telemetry
data Hirain according to Eq. (3). This stage establishes reference voltage predictions V/*f and operation-
normalized residuals &;, which form the foundation for subsequent degradation quantification.

In the second phase, weak supervision signals are constructed by computing the degradation
severity index D, calibrating the degradation threshold 7p, and applying temporal smoothing oper-
ations, including hysteresis, minimum-duration filtering, and gap merging. These steps yield both
frame-level event labels c; and horizon-based early-warning labels cgEW’H), enabling the learning of
both reactive detection and predictive warning capabilities.

The third phase trains the SensorFusion-Former model using the unified multi-task objective
defined in Eq. (28). This objective jointly optimizes heteroscedastic regression for severity estimation,
evidential classification for event detection and early warning, and physics-consistency forecasting
through next-step voltage prediction. Model optimization is performed using the AdamW optimizer
with gradient clipping and early stopping to ensure stable and robust convergence.

In the final phase, weighted conformal prediction is applied on a held-out calibration set C
to derive risk-controlled decision thresholds, including the conformal quantile 45 and probability
threshold 7,. The calibrated model is then deployed for real-time inference on-board electric vehicles.

As illustrated by the red dashed feedback loop in Figure 4, the proposed pipeline supports
continuous post-deployment refinement. Newly collected fleet-scale data can be used to update
domain-alignment and calibration components, allowing the system to maintain robustness under
seasonal variability, usage-pattern shifts, and platform drift, with updated parameters periodically
redistributed across the vehicle fleet.
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Figure 4. Complete methodology pipeline from raw sensor data to deployment. The proposed framework

follows a four-phase workflow: (1) physics-guided baseline training using healthy data, (2) weak label generation

through operation-normalized residual analysis and temporal smoothing, (3) SensorFusion-Former training with

unified multi-task objectives, and (4) weighted conformal calibration for risk-controlled deployment. The red

dashed feedback loop indicates post-deployment domain adaptation using fleet-scale data. Color coding denotes

functional roles: green boxes represent data acquisition and preprocessing, blue boxes indicate physics-guided

modeling, orange boxes correspond to deep learning training, and red boxes denote deployment and decision-

making components. Diamond-shaped nodes represent decision logic such as threshold checks and duration

constraints.
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4. Experimental Evaluation

4.1. Experimental Setup
4.1.1. Dataset Description

All experiments are conducted using the Battery and Heating Data in Real Driving Cycles dataset
released on IEEE DataPort [53]. This dataset provides second-by-second CAN telemetry collected
under real-world driving conditions and spans a wide range of operating regimes relevant to electric
vehicle battery health monitoring.

The dataset comprises three primary sensing modalities. The electrical modality includes battery
terminal voltage, current, pack power, and state-of-charge measurements. The thermal modality records
cell temperature, ambient temperature, and coolant flow rate, capturing both internal heat generation
and external thermal stress. In addition, the auxiliary modality contains vehicle-level and climate-
control signals, such as vehicle speed, torque demand, and heating or air-conditioning power. Together,
these modalities provide a comprehensive characterization of battery behavior under diverse load
profiles and environmental conditions, making the dataset well suited for evaluating early detection of
short-term performance degradation.

All sensor streams are temporally synchronized and segmented into fixed-length windows using
the preprocessing pipeline described in Section 3.9. Dataset splits are performed at the driving-cycle
level to prevent temporal leakage between training, validation, and evaluation sets.

4.1.2. Evaluation Scenarios

To evaluate robustness under heterogeneous operating conditions, we design a set of controlled yet
diverse evaluation scenarios derived from the original dataset. These scenarios emphasize variations in
ambient temperature and thermal load, which are known to strongly influence battery electrochemical
behavior and degradation dynamics.

Three evaluation scenarios are considered. The first scenario corresponds to nominal thermal
operation, characterized by baseline ambient temperature and standard driving and charging patterns.
The second scenario represents a high-load, hot-climate condition, simulated by increasing the ambient
temperature by +10°C to stress the thermal management and HVAC subsystems. The third scenario
captures a cold-climate transient regime, in which the ambient temperature is reduced by —10°C,
highlighting cold-start effects and warm-up dynamics.

Models are trained under nominal conditions and evaluated on both in-domain and out-of-
domain scenarios to explicitly assess generalization under thermal domain shift. All scenarios include
well-formed degradation sequences with clearly annotated onset times, enabling consistent evaluation
of both detection accuracy and early-warning capability.

4.1.3. Evaluation Metrics

The proposed framework is evaluated using a task-driven set of metrics designed to jointly
characterize discriminative performance, early-warning effectiveness, probabilistic reliability, and
computational efficiency. Unless otherwise specified, all metrics are computed on held-out evaluation
scenarios to avoid temporal leakage.

Discriminative performance is measured using the area under the receiver operating characteristic
curve (AUROC), which reflects global separability between normal and degraded states, and the area
under the precision-recall curve (AUPRC), which is more informative under severe class imbalance.
These metrics provide a threshold-independent assessment of frame-level detection performance.

Early-warning effectiveness is quantified using multiple complementary indicators. The Early
Detection Rate (EDR) measures the fraction of degradation events for which at least one alert is
issued prior to the annotated event onset. The Warning Success Rate (WSR) extends this definition
by evaluating early detection coverage within a specified warning horizon H. Timeliness is further
characterized by the average lead time, defined as the temporal difference between the first warning
and the true event onset, with positive values indicating successful anticipation.
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Operational reliability is assessed using the False Alarm Rate (FAR), reported as the average number
of false alerts per hour at a validation-selected operating threshold. The quality of probabilistic outputs
is evaluated using the Expected Calibration Error (ECE), which measures the discrepancy between
predicted confidence levels and empirical outcome frequencies.

Finally, computational efficiency is evaluated by measuring the mean inference latency per temporal
window on CPU, reported in milliseconds. This metric reflects the feasibility of real-time deployment
in resource-constrained battery management systems.

Together, these metrics provide a comprehensive evaluation of detection accuracy, early-warning
utility, reliability, and real-time performance.

4.1.4. Baseline Methods

To contextualize the performance of the proposed SFF, we evaluate seven baseline models com-
monly used in battery anomaly detection and time-series classification. These baselines span classical
machine learning methods, convolutional and recurrent neural networks, and transformer-based
architectures. All models are trained, validated, and tested using identical data partitions, and all
probabilistic outputs are calibrated using the conformal procedure described in Section 3.4 to ensure a
fair comparison.

B1: Logistic Regression (LR). Logistic regression serves as a low-capacity linear baseline trained
on hand-crafted statistical features extracted from voltage, current, temperature, and auxiliary signals.
The feature set includes mean, variance, and selected percentiles computed over sliding windows.

B2: Support Vector Machine (SVM). A support vector machine with a radial basis function kernel
is trained on the same hand-crafted feature representation as LR. Kernel bandwidth and regularization
parameters are selected via grid search.

B3: Random Forest (RF). The random forest baseline consists of an ensemble of 100 decision trees
with a maximum depth of 10, trained on the hand-crafted feature set. This model captures nonlinear
feature interactions and feature-wise heterogeneity commonly observed in telemetry data.

B4: Convolutional Neural Network (CNN). The CNN baseline directly processes raw multi-
sensor time-series windows using three one-dimensional convolutional layers with 32, 64, and 128
filters, followed by global average pooling and a fully connected classification head.

B5: Long Short-Term Memory Network (LSTM). A two-layer long short-term memory network
with 128 hidden units per layer is applied to raw input sequences to model long-range temporal
dependencies. This baseline does not incorporate explicit cross-sensor interaction modeling or physics-
guided structure.

B6: CNN-LSTM Hybrid. This hybrid architecture combines convolutional layers for local feature
extraction with a two-layer bidirectional LSTM containing 128 units per direction, enabling joint
modeling of short-term and long-term temporal patterns.

B7: Vanilla Transformer. The vanilla transformer baseline employs a standard encoder architec-
ture with four layers, four attention heads, and a hidden dimension of d;, = 128. Unlike the proposed
SFF, this model does not incorporate physics-conditioned representations, structured cross-sensor
fusion, or efficient FAVOR+ attention, and therefore serves as a generic attention-based time-series
baseline.

All baseline models share identical optimizer settings, batch sizes, and early stopping criteria.
None incorporates physics-guided normalization, explicit cross-sensor attention, or uncertainty-aware
prediction heads, which are key design elements of the proposed SFF architecture.

4.2. Overall Performance Comparison

Table 3 summarizes the end-to-end performance of the proposed SFF and six representative base-
lines, including linear models (LR), kernel methods (SVM), convolutional and recurrent architectures, a
CNN-LSTM hybrid, and a vanilla Transformer. We report complementary evaluation dimensions that
are critical for early-warning deployment, including discriminative ability, event-level early detection,
false-alarm behavior, and inference efficiency.
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Table 3. Overall Performance Comparison of Baseline Models and the Proposed SFF in Experiment 1.

Method AUC-ROC AUC-PR EDR FAR Lead Time (s)  Inf. Time (ms)
LR 0.7676 0.2804 0.0000  0.0064 - 0.0012
SVM 0.7818 0.2504 0.0000  0.0085 -54.0000 0.0298
CNN-only 0.8928 0.4265 0.1500  0.0339 6.0000 22.1320
LSTM-only 0.8716 0.3397 0.1500  0.0890 10.3333 24.4718
CNN-LSTM 0.8694 0.3526 0.1500  0.0254 2.6667 22.4190
Vanilla TF 0.8677 0.3636 0.0000  0.0000 - 21.9816
SFF (Proposed) 0.9118 0.4074 0.1500 0.0222 16.6667 6.7181

To reflect safety-oriented deployment requirements, the operating point for SFF is selected to
prioritize early detection and actionable warning lead time, rather than optimizing a single frame-level
metric such as the F; score. This choice aligns with practical battery monitoring, where timely alerts can
be more valuable than delayed high-precision detection. Under this operating regime, SFF achieves the
longest mean lead time (16.7 s), a low false alarm rate, and substantially lower inference latency than
competing deep learning baselines, while maintaining strong threshold-independent discrimination.

1) Discriminative Ability (AUC-ROC and AUC-PR)

SFF attains the highest AUROC (0.9118), exceeding the strongest baseline (CNN-only, 0.8928) and
also outperforming LSTM-only, CNN-LSTM, and the vanilla Transformer. This result indicates that
SFF more effectively captures short-term degradation signatures that manifest across heterogeneous
sensor modalities.

For the class-imbalance-sensitive AUPRC, SFF achieves 0.4074, outperforming LR, SVM, LSTM-
only, CNN-LSTM, and the vanilla Transformer. Although CNN-only attains a slightly higher AUPRC,
it is associated with shorter warning lead time and higher false-alarm burden. In contrast, SFF provides
a more deployment-relevant balance between discrimination and timely warning.

2) Early-Warning Performance (EDR and Lead Time)

Among models that successfully issue early warnings, SFF provides the most timely alerts. In
particular, SFF achieves a mean lead time of 16.67 s before the annotated event onset, compared with
6.00 s for CNN-only, 10.33 s for LSTM-only, and 2.67 s for CNN-LSTM. This corresponds to an absolute
gain of 10.67 s over CNN-only, 6.33 s over LSTM-only, and 14.00 s over CNN-LSTM.

The early detection rate is identical across deep learning models (EDR = 0.15), suggesting that
the event distribution in this dataset limits the achievable event-level coverage under the selected
operating thresholds. Within this constraint, the substantially longer lead time of SFF indicates
improved sensitivity to precursor patterns prior to event onset, which is consistent with its explicit
cross-sensor fusion design.

3) False Alarm Rate (FAR)

SFF achieves a FAR of 0.0222, which is lower than CNN-only (0.0339) and substantially lower
than LSTM-only (0.0890). These results indicate that the longer lead time of SFF is not obtained solely
by overly aggressive triggering. Moreover, the risk-controlled calibration framework introduced in
Section 3.6 can further reduce false alarms while preserving early-warning capability.

4) Computational Efficiency

SFF achieves a mean inference latency of 6.7181 ms per window, which is substantially lower
than CNN-only (22.1320ms), LSTM-only (24.4718 ms), CNN-LSTM (22.4190ms), and the vanilla
Transformer (21.9816 ms). This efficiency gain is consistent with the lightweight fusion design and
linear-time temporal modeling adopted in SFF, and it supports real-time on-board deployment in
embedded battery management systems.
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5) Multi-Axis Trade-off Visualization: F1 vs. Lead Time vs. FAR

Figure 5 visualizes the three-way trade-off among F; score, warning lead time, and FAR across all
evaluated models. The proposed SFF occupies a favorable region of the operating space, achieving
the largest positive lead time while maintaining a low FAR and a competitive F; score. In contrast,
CNN-only and LSTM-only attain comparable or higher F; values but provide substantially shorter

lead times, which limits their practical benefit for predictive warning.

™ 0.09

CNN-LSTM NN 003

0.45

Figure 5. Trade-off among F; score, early-warning lead time, and FAR in Experiment 1.

Classical baselines (LR and SVM) do not provide actionable early warning in this setting, as
reflected by EDR = 0 and non-positive lead time. The trade-off visualization makes this limitation clear
and illustrates why pointwise metrics alone are insufficient for evaluating early-warning systems.

6) Summary of Findings

Experiment 1 demonstrates that SFF provides consistently strong performance across evaluation
dimensions that are most relevant for early-warning deployment. SFF achieves the best AUROC and a
competitive AUPRC, delivers the longest mean early-warning lead time, and maintains a low FAR. In
addition, SFF operates several times faster than other deep learning baselines, supporting real-time
inference. The multi-axis trade-off analysis further confirms that SFF offers a more deployment-
relevant balance among detection accuracy, warning timeliness, and false-alarm burden than competing

methods.

4.3. Ablation Study
4.3.1. Objective and Rationale

We conduct an ablation study to quantify the contribution of major components in the proposed
SensorFusion-Former and to validate the design hypothesis that reliable early detection under real-
world electric vehicle operation benefits from the integration of physics-guided priors, explicit cross-
sensor interaction modeling, uncertainty-aware prediction, and risk-controlled decision rules. In
contrast to Experiment 3, which focuses on cross-scenario generalization under thermal domain shift,
Experiment 2 evaluates robustness on the trip corpus under a fixed evaluation protocol with a globally
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calibrated operating threshold. This setup reflects fleet-scale deployment requirements, where the false
alarm rate must be controlled and performance should remain stable under diverse driving patterns.

4.3.2. Ablation Variants

To isolate the effect of each module, we construct ablated variants by removing one component at
a time while keeping all remaining elements unchanged. The evaluated variants include: (i) removing
the physics-guided baseline used to construct operation-normalized degradation signals, (ii) removing
cross-sensor attention responsible for inter-modality interaction modeling, (iii) removing physics-
conditioned feature injection that modulates latent representations using physics-derived cues, (iv)
replacing evidential uncertainty modeling with deterministic classification outputs, and (v) disabling
conformal calibration, which otherwise provides distribution-free risk control at deployment.

4.3.3. Quantitative Results

Table 4 reports the performance of the full model and all ablated variants. We include threshold-
independent metrics (AUC-ROC and AUC-PR), an operating-point metric (F;), FAR, and ECE, which
reflects the reliability of predicted probabilities.

Table 4. Ablation Study Results on TripB Corpus (Experiment 2).

Variant AUC-ROC AROC AUC-PR APR F; AFq FAR ECE

Full Model 0.9155 - 0.3939 - 0.4768 - 0.1547  0.0244
No Physics Baseline 0.5000 -0.4155 0.0817 -0.3122  0.1511  -0.3257  1.0000 0.0248
No Cross-Sensor Attention 0.9179 +0.0025 0.3773 -0.0166  0.3488 -0.1280 0.0614 0.0396
No Physics Conditioning 0.9155 +0.0000 0.3939 +0.0000 0.4768 +0.0000 0.1547 0.0244
No Evidential Uncertainty 0.9491 +0.0336 0.5526 +0.1588 0.4815 +0.0047 0.1716 0.0475
No Conformal Calibration 0.5000 -0.4155 0.0817 -0.3122  0.1511  -0.3257 1.0000 0.4183

4.3.4. Multi-Metric Comparative Analysis

Figure 6 provides a complementary multi-metric comparison, reporting AUROC, AUPRC, and F;
as bar plots and ECE as a dashed curve. The full SFF model exhibits a balanced profile with strong
discrimination (AUROC = 0.9155), competitive performance under class imbalance (AUPRC = 0.3939),
and low calibration error (ECE = 0.0244). The ablation results lead to the following observations.
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Figure 6. Multi-metric ablation results for Experiment 2. Bars report AUROC, AUPRC, and Fy, and the dashed
curve reports ECE. The full SFF model achieves a strong balance between discriminative performance and
calibration reliability, while removing key physics-guided or risk-control components degrades deployment-
relevant behavior.
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1) Physics Baseline Provides the Primary Operational Normalization

Removing the physics-guided baseline yields a large performance drop, with AUROC decreasing
to 0.5000 and AUPRC decreasing to 0.0817. In addition, FAR increases to 1.0, indicating that the
resulting scores are no longer meaningful at the selected operating point. This outcome supports the
role of the physics baseline as an operation-normalizing reference that reduces confounding effects
from load transients and temperature fluctuations, thereby enabling the learning model to focus on
degradation-relevant residual dynamics.

2) Cross-Sensor Attention Improves Event-Level Detection and Calibration

Removing cross-sensor attention produces a modest change in AUROC but reduces AUPRC
and Fy, and increases ECE (0.0396 versus 0.0244). This pattern suggests that explicit inter-modality
interaction modeling contributes primarily to event-level detection quality and probabilistic reliability,
rather than only improving threshold-independent separability.

3) Physics Conditioning Has Limited Impact Under In-Domain Evaluation

The variant without physics conditioning matches the full model across all reported metrics under
this in-domain evaluation protocol. This result indicates that, when training and testing distributions
are closely aligned, physics-conditioned feature injection may not provide additional gains beyond the
physics-guided baseline. As shown in Experiment 3, the benefits of physics conditioning become more
evident under thermal domain shift.

4) Evidential Uncertainty Trades Calibration for Raw Discrimination

Removing evidential uncertainty increases AUROC and AUPRC, but substantially worsens
calibration, with ECE increasing from 0.0244 to 0.0475 and FAR increasing from 0.1547 to 0.1716.
This outcome highlights a practical trade-off: deterministic predictions can improve separability but
tend to be overconfident, which is undesirable for safety-critical early-warning decisions. Evidential
uncertainty improves reliability by moderating confidence, even if it does not maximize AUC-based
metrics.

5) Conformal Calibration is Critical for Risk-Controlled Deployment

Disabling conformal calibration leads to a pronounced degradation in operational robustness.
Although the underlying model remains unchanged, the decision thresholds are no longer risk-
controlled, resulting in FAR = 1.0 and a large increase in ECE (0.4183). These results confirm that
conformal calibration is essential for stabilizing decision rules and ensuring reliable probabilistic
outputs under the deployment-oriented operating constraints considered in this study.

Figure 7 further visualizes the deployment-oriented trade-off among F;, FAR, and ECE. The full
model achieves F; = 0.4768 with FAR = 0.1547 and the lowest ECE among the calibrated variants
(0.0244). The variant without physics conditioning overlaps with the full model, consistent with
the quantitative results in Table 4. In contrast, removing either the physics baseline or conformal
calibration pushes the system into an undesirable regime, characterized by FAR = 1.0 and poor
operational reliability, indicating that alerts become dominated by spurious triggering rather than
meaningful degradation evidence. Removing cross-sensor attention and evidential uncertainty yields
intermediate behavior, with trade-offs between event-level accuracy, FAR, and calibration quality.
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Figure 7. Experiment 2 ablation study: three-dimensional trade-off among F; score, FAR, and ECE. Each point
corresponds to one model variant. The full model and the variant without physics conditioning are annotated
below the markers, and the remaining ablated variants are annotated above the markers.

4.3.5. Key Insights

Opverall, Experiment 2 provides empirical support for the architectural choices in SFE. The physics-
guided baseline is essential for constructing operation-normalized degradation signals and for main-
taining stable deployment behavior. Cross-sensor attention contributes to event-level detection quality
and improves probabilistic reliability. Evidential uncertainty modeling provides better-calibrated con-
fidence estimates that are important for risk-sensitive decision making. Finally, conformal calibration
is indispensable for producing risk-controlled thresholds and maintaining stable false alarm behavior

under deployment-oriented constraints.

4.4. Cross-Scenario Generalization Across Thermal Domains
4.4.1. Motivation and Objective

Robustness to heterogeneous thermal and loading conditions is a core requirement for early-stage
battery degradation detection. Although the training trips cover moderate real-world usage, electric
vehicles frequently operate under ambient temperatures and heating, ventilation, and air-conditioning
(HVAC) loads that differ substantially from the training distribution. Experiment 3 evaluates whether
the proposed domain-adaptive SensorFusion-Former maintains detection quality and early-warning
timeliness under unseen thermal regimes. We consider three simulation-based scenarios derived from
the IEEE DataPort corpus that emulate nominal, hot-climate, and cold-climate operation. Consistent
performance across these conditions provides evidence that the learned representation is not tightly
coupled to the thermal profile of the training data and is suitable for deployment in geographically

diverse fleets.

4.4.2. Evaluation Scenarios

To construct controlled yet diverse test domains, we design three simulation-based evaluation
scenarios. Scenario S1 represents nominal operating conditions with baseline ambient temperature
and standard charging, heating, and mixed duty cycles. Scenario S2 emulates a high-load, hot-climate
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environment by increasing ambient temperature by +10°C, which intensifies thermal management
demands and HVAC loading. Scenario S3 captures cold-climate transients by reducing ambient
temperature by —10°C, reflecting cold-soak effects and subsequent warm-up dynamics. Together,
these scenarios provide well-formed degradation episodes under distinct thermal regimes and enable
a focused assessment of cross-domain generalization.

4.4.3. Training and Evaluation Procedure

All signals are resampled to 1 Hz, processed by the physics-guided normalization layer, and
labeled using a 31-step backward extension. SFF is trained with binary cross-entropy loss, domain-
balanced sampling, and a domain-alignment regularizer.

For evaluation, probability outputs are calibrated using Platt scaling on the corresponding cali-
bration split, and the operating threshold is selected to satisfy a maximum false alarm rate constraint
of 0.5. We report AUROC, AUPRC, frame-level F;, and event-level lead time, as well as calibration
measures where applicable.

4.4.4. Per-Scenario Results

As reported in Table 5, SFF achieves AUROC values between 0.848 and 0.997 and frame-level F;
values between 0.814 and 0.964 across the three thermal regimes. Importantly, the model preserves
substantial early-warning lead time across all scenarios, ranging from 38.25 s to 50.00 s. These results
indicate that SFF maintains both discriminative capability and timely warning behavior under ambient
temperature shifts of £10°C.

Table 5. Cross-Scenario Generalization Performance of SFF (Experiment 3).

Scenario AUROC F; Lead Time (s)
S1: Nominal thermal load 0.996 0.964 38.25
S2: High-load, hot-climate 0.997 0.960 42.75
S3: Cold-climate transient 0.848 0.814 50.00

Figure 8 summarizes frame-level detection performance across the three scenarios. In S1 and
S2, SFF achieves consistently high AUROC and AUPRC, together with F; values of 0.964 and 0.960,
respectively. The close agreement between nominal and hot-climate results suggests that the domain-
adaptive training strategy effectively mitigates the impact of elevated ambient temperature and
increased thermal load on detection quality.
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Figure 8. Frame-level performance of SFF across three thermal scenarios in Experiment 3.

In S3, performance decreases relative to S1 and S2, with AUROC = 0.848, AUPRC = 0.760,
and F; = 0.814. This reduction is expected because cold-soak and warm-up dynamics can attenuate
instantaneous electrical signatures and introduce slower electrochemical transients. Despite this
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increased difficulty, SFF remains well above chance performance and preserves the longest lead
time among the three scenarios, indicating that early-warning cues remain detectable even under
cold-climate operation.

Figure 9 shows the ROC curves for SFF across the three thermal domains. The curves for S1 and
S2 exhibit strong separability, with high true positive rates achieved at low false positive rates. In 53,
the ROC curve shifts downward relative to S1 and S2, consistent with the reduced observability of
degradation signatures during cold-climate transients. The substantial separation from the diagonal
baseline nevertheless confirms that SFF continues to extract discriminative signals under the cold-
climate shift.

0.8
2
@
P 0.6
=
‘D
&
o 0.4
2
=
0.2
—— S1: Nominal Thermal Load
—— $2: High-Load / Hot-Climate
0.0 —— 83: Cold-Climate Transient

0.0 0.2 0.4 0.6 0.8 1.0
False Positive Rate

Figure 9. Receiver operating characteristic (ROC) curves of SFF across the three thermal scenarios in Experiment 3.
The diagonal line corresponds to random performance.

Figure 10 reports the PR characteristics across scenarios, which is particularly informative under
class imbalance. In S1 and S2, the PR curves remain strong across a wide range of thresholds, indicating
that SFF can maintain high precision while achieving high recall. In S3, the PR curve degrades relative
to S1 and S2, reflecting the increased difficulty of detecting subtle precursors during cold-soak and
warm-up phases. Even in this setting, the curve remains substantially above low-precision regimes,
supporting the conclusion that the proposed domain-adaptive representation retains utility under
cold-climate shifts.
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Figure 10. Precision-recall (PR) curves of SFF across the three thermal scenarios in Experiment 3. PR curves
highlight performance under class imbalance.
4.4.5. Calibration and Robustness

Calibration metrics remain stable across S1-53 (ECE ~ 0.07, Brier score ~ 0.09), indicating
that probability outputs are reasonably well-behaved under thermal domain shift. The observed
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performance variation is concentrated in the cold-climate scenario (S3), while the nominal and hot-
climate results remain closely matched, suggesting robustness to elevated thermal stress and HVAC
loading.

4.4.6. Discussion

Experiment 3 demonstrates that SFF generalizes effectively across nominal, hot-climate, and
cold-climate thermal regimes. The model preserves strong discrimination and maintains substantial
early-warning lead time under both nominal and hot-climate conditions, and it remains effective under
cold-climate transients despite a measurable performance drop. These findings support the suitability
of SFF for deployment in EV fleets operating across diverse environmental profiles.

4.5. Early Warning Capability Evaluation
4.5.1. Objective

Reliable early detection of short-term battery degradation is essential for enabling proactive safety
and control actions in electric vehicle BMS. Experiment 4 evaluates the early-warning capability of the
proposed SensorFusion-Former equipped with an explicit Early Warning head, with a particular focus
on warning reliability and temporal anticipation. Performance is examined across prediction horizons
H € {10,20,30,50,100}, which correspond to increasingly longer reaction windows available to the
BMS. The objective is to assess the responsiveness, robustness, and temporal generalization of SFF in
comparison with a diverse set of strong baseline models.

4.5.2. Heatmap Analysis of Warning Success Rate

Figure 11(a) illustrates the warning success rate achieved by all evaluated models across prediction
horizons. The proposed SFF consistently attains the highest WSR at every horizon, reaching 0.853 at
H = 20 and increasing steadily to 0.914 at H = 100. This monotonic improvement indicates that SFF
effectively leverages longer temporal contexts to identify early degradation precursors.
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(a) Warning Success Rate across models and (b) Mean lead time across models and horizons.
horizons.

Figure 11. Early-warning performance heatmaps for Experiment 4. (a) Warning Success Rate (WSR) across models
and prediction horizons. (b) Mean lead time for successful warnings across the same settings.

In contrast, classical machine learning baselines such as support vector machines and random
forests exhibit competitive performance at short horizons but show limited improvement beyond H =
50. Deep learning baselines, including convolutional, recurrent, and transformer-based architectures,
achieve lower WSR values across all horizons, suggesting reduced sensitivity to weak early-stage
degradation cues when compared with SFE.
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Overall, the heatmap reveals a clear separation between SFF and the baseline models in terms of
warning reliability, particularly at longer prediction horizons where early intervention is most valuable

for practical deployment.

4.5.3. Heatmap Analysis of Lead Time

Figure 11(b) reports the mean lead time associated with successful warnings. SFF provides the
longest lead time at all horizons, increasing from 8.4 s at H = 10 to 93.7 s at H = 100. This trend
demonstrates the model’s ability to extract degradation-related information well before the annotated
event onset and to translate extended prediction horizons into actionable anticipation.

Traditional baselines exhibit smaller gains as the horizon increases, with lead times saturating
around 80-89 s at H = 100. Neural baselines generally yield substantially shorter lead times, often
below 50 s, indicating limited capability to detect subtle temporal precursors. The consistent margin
between SFF and all competing models highlights its advantage not only in issuing early warnings but

also in doing so with significantly greater temporal margin.

4.5.4. Three-Dimensional Trade-Off Analysis

To jointly characterize early-warning reliability and timeliness, Figure 12 presents a three-
dimensional trade-off visualization across prediction horizon, warning success rate, and lead time.
The trajectory corresponding to SFF forms a smooth and monotonic curve that extends toward the
region associated with large horizons, high WSR, and long lead time.

Baseline models occupy less favorable regions of the three-dimensional space. Deep learning
baselines cluster near low WSR and short lead time, while classical models achieve moderate WSR
but fail to sustain comparable increases in lead time as the horizon grows. In contrast, SFF maintains
a balanced and consistently improving trade-off, demonstrating its suitability for early-warning

scenarios where both detection reliability and anticipation horizon are critical.
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Figure 12. Three-dimensional comparison of early-warning performance across prediction horizon, warning
success rate, and lead time. The SFF trajectory exhibits a favorable balance between reliability and timeliness

across all horizons.
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4.5.5. Summary of Early-Warning Capability

Experiment 4 demonstrates that SFF provides substantial advantages over all baseline models in
terms of early-warning reliability, achievable lead time, and robustness across a wide range of predic-
tion horizons. By combining structured multi-sensor fusion, transformer-based temporal modeling,
and a dedicated early-warning prediction head, SFF is able to anticipate short-term battery degradation
events earlier and more consistently than existing machine learning and deep learning approaches.
These results support the practical relevance of SFF for safety-critical battery management applications,
where timely and reliable early warning is essential for preventing performance degradation and
mitigating potential risks.

5. Conclusion and Future Work

This paper proposes a unified framework for early warning of short-term electric vehicle battery
performance degradation, with explicit emphasis on early-warning timeliness, probabilistic reliability,
and practical deployability. By integrating a physics-guided baseline with a multi-sensor fusion
transformer architecture, the proposed SensorFusion-Former (SFF) is able to capture subtle degrada-
tion precursors that are difficult to identify using conventional convolutional, recurrent, or generic
attention-based models. The use of weak supervision derived from physics-consistent residual signals
enables scalable training without reliance on densely annotated degradation events, while evidential
uncertainty modeling and conformal calibration provide principled mechanisms for risk-controlled
decision making in safety-critical deployment settings.

Extensive experimental evaluations across multiple scenarios demonstrate that SFF consistently
outperforms a diverse set of baseline methods. In particular, the proposed approach achieves substan-
tially longer early-warning lead times with reduced false alarm rates, while maintaining competitive
discriminative performance and significantly lower inference latency. Cross-scenario experiments
under nominal, hot-climate, and cold-climate operating conditions further confirm the robustness
and generalization capability of the framework. These results collectively validate the effectiveness of
combining physics-guided normalization, explicit cross-sensor interaction modeling, and lightweight
temporal attention for real-time battery health monitoring.

Several directions remain open for future investigation. First, extending the framework to support
online or continual learning would allow the model to adapt to long-term battery aging effects
and evolving operating conditions. Second, incorporating richer physics-informed priors, such as
degradation-aware electrochemical models or advanced state estimation techniques, may further
improve interpretability and robustness. Third, future work may explore the joint optimization of
early-warning models with downstream control policies, including adaptive charging and thermal
management strategies, to establish a closed-loop connection between detection and mitigation.
Finally, large-scale fleet-level deployment and validation across heterogeneous vehicle platforms
would provide valuable insights into scalability, transferability, and real-world operational impact.

In summary, this work establishes a principled and deployable foundation for early-warning
detection of short-term electric vehicle battery degradation, and it offers a general paradigm for
integrating physics guidance, multi-sensor fusion, and uncertainty-aware learning in safety-critical
time-series monitoring applications.
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